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Abstract
Variations of willingness to pay (WTP) in geographical 
space have been characterised by the presence of localised 
patches of higher and lower values. However, to date, spa-
tial valuation studies have not explored whether the dis-
tribution of hot (cold) spots of WTP is particular to each 
environmental good or if it follows similar patterns to 
other, comparable, environmental goods. We address this 
question by contrasting the spatial patterns of hot (cold) 
clusters of WTP for improvements in several ecosystem 
services. We geocoded individual- specific WTP esti-
mates derived from a discrete choice experiment explor-
ing preferences for ecosystem service improvements for 
three different catchment areas in Scotland comprising 
urban, agricultural, riverine and estuarine ecosystems. 
The local Moran's I statistic was used to find statistically 
significant local clusters and identify hot spots and cold 
spots. Finally, Multi- type Ripley's K and L functions were 
used to contrast the spatial patterns of local clusters of 
WTP among ecosystem services, and across case studies. 
Our results show that hotspots of WTP for environmental 
improvements tend to occur close to each other in space, 
regardless of the ecosystem service or the area under 
consideration. Our findings suggest that households sort 
themselves according to their preferences for estuarine 
ecosystem services.
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1 |  INTRODUCTION
The spatial variability of the ecosystem services (ES) supply is well documented in the eco-
logical and geographical literature, and has been found to be dependent on the number, size, 
shape, connectivity or fragmentation of natural ecosystems (Haddad et al., 2015; Mitchell 
et al., 2013, 2015; Renó et al., 2016). Changes in the configuration of the spatial attributes of 
natural ecosystems impact their capacity to provide ES (Bastian et al., 2012; Turner et al., 
2013). Currently, the capacity of estuaries to provide a broad range of ES to society is severely 
threatened by urban development, rural land management and pollution (Jacobs et al., 2013; 
O’Higgins et al., 2010).
With regard to the demand of ES, spatial valuation studies have found that environmen-
tal preferences are heterogeneously distributed in space for a variety of goods and services 
(Budziński et al., 2018; Schaafsma et al., 2013). Nonetheless, the role of the spatial dimensions 
in welfare analysis is often under- appreciated in the environmental valuation literature (De 
Valck & Rolfe, 2018; Glenk et al., 2020).
Some studies have analysed spatial autocorrelation (also called spatial dependence or unob-
served spatial heterogeneity) between willingness to pay (WTP) estimates. However, to date, 
no research has estimated Ripley's K and L function with welfare estimates to explore whether 
the distribution of local clusters is particular to each environmental good or not. Therefore, 
the main objective of this paper is to examine whether the geographical distribution of signifi-
cant hot or cold spots of WTP are similar among three different estuarine ES: (i) flood control 
(explained in terms of flood risk reduction); (ii) biodiversity; and (iii) recreation opportunities, 
when compared across three different estuarine catchment areas in Scotland, namely the Tay, 
the Forth and the Clyde. Contrasting the distribution of local clusters of WTP will allow us 
to understand whether there is a ‘general formula’ when developing locational targeting of en-
vironmental policies or not: that is, whether there is significant spatial overlap in the benefits 
produced by different environmental policies. Therefore, this study can help to develop better- 
informed policies since, for example, environmental managers would be able to better target 
environmental improvements if there is regulatory scope for flexibility in targeting of control 
measures for pollution, or woodland creation.
The rest of the paper is organised as follow: The following section reviews the relevant spa-
tial valuation literature. Following that is a description of the study design, modelling frame-
work and spatial analysis developed. The sample's descriptive statistics and the econometric 
estimates are presented and discussed in the fourth section. The final section concludes the 
paper and discusses the implications for policy and future research.
2 |  SPATI A L PREFERENCE H ETEROGEN EITY
An increasing number of stated preference studies argue for a more explicit inclusion of the 
spatial dimension in the study of environmental preferences (see De Valck & Rolfe, 2018 
and Glenk et al., 2020 for comprehensive reviews). Initially, efforts to characterise spatial 
K E Y W O R D S
catchment area, discrete choice experiment, ecosystem services, 
estuaries, Ripley's K function, spatial autocorrelation, spatial sorting, 
willingness to pay
J E L  C L A S S I F I C A T I O N
I38; Q28; Q51; Q57; Q58
    | 3CLUSTERING OF WILLINGNESS TO PAY
heterogeneity argued that ‘global’ patterns were causing WTP variations. Global patterns refer 
here to homogenous trends that apply within the limits of the area of analysis (i.e. distance 
decay, respondent's relative location to a geopolitical area) (Aregay et al., 2016; Bateman et al., 
2006; Brouwer et al., 2010; Hanley et al., 2003; Johnston & Duke, 2009; Schaafsma et al., 2012). 
More recently, the assumption of global patterns of environmental preference has been chal-
lenged. Some authors suggest that environmental preferences are more likely to be explained by 
local associations that generate ‘patchy’ patterns (Johnston & Ramachandran, 2014; Johnston 
et al., 2011, 2015; Meyerhoff, 2013). Local spatial patterns are defined by the presence of ‘non- 
continuous’ or ‘clustered’ patterns of WTP variations across the area of analysis.
There are several reasons why we would expect that environmental preferences are charac-
terised by local (i.e. discontinuous) rather than global (i.e. continuous) spatial patterns. First, 
spatial context is individual- specific, which means that people might develop a positive emo-
tional connection or ‘place attachment’ to their local and familiar, or otherwise special con-
text (Faccioli et al., 2018; Manzo, 2003, 2005). Second, individual WTP reflects the scarcity 
(or abundance) of the ES in their immediate environment (Bockstael, 1996; Johnston et al., 
2002), as well as the local availability of and accessibility to substitutes (De Valck et al., 2017; 
Jørgensen et al., 2013). In this sense, the spatial pattern of preference heterogeneity might be 
partly explained by the underlying local distribution of the supply of ES. Thirdly, the cultural 
and socioeconomic characteristics which could impact society's WTP for environmental im-
provements also vary at the neighbourhood level. Therefore WTP patterns might follow the 
local spatial configuration of wealth, education levels, employment rates, cultural identity or 
environmental consciousness, which are reflected in the demand for ES (Brown et al., 2016; 
Faccioli et al., 2020; Perino et al., 2014). Finally, the existence of local patterns of WTP might 
reflect preference clusters that arise from residential sorting (Baerenklau et al., 2010; Klaiber 
& Phaneuf, 2010; Timmins & Murdock, 2007), which suggest that individuals chose their resi-
dence location according to their preferences for environmental goods (sometimes referred to 
as amenities in this context) and the costs of relocation.
Within the choice modelling framework, spatial preference heterogeneity has been studied 
in four main ways: (i) using spatially explicit choice attributes; (ii) including spatial covariates 
in the choice model; (iii) applying geographically weighted (lagged) choice models; and (iv) 
developing a second- stage spatial analysis with individual- specific WTP estimates. The first 
approach uses spatially explicit choice cards or attributes that may impose an additional cog-
nitive burden on the respondent (Badura et al., 2019; Brouwer et al., 2010; Horne et al., 2005; 
Johnston et al., 2002; Logar & Brouwer, 2018; Meyerhoff et al., 2014; Schaafsma et al., 2012). 
The second approach might increase the risk of potential multicollinearity and model over- 
specification by estimating the interaction effects of spatial covariates, such as respondent's 
location, distance to the environmental good and substitutes, or other spatial environmental 
data (Abildtrup et al., 2013; Bergmann et al., 2008; De Valck et al., 2014; Meyerhoff, 2013; 
Schaafsma et al., 2013). A third approach suggested by Budziński et al. (2018) applies a geo-
graphically weighted model to analyse discrete choice data. Although this approach accounts 
for a non- linear relationship with respect to spatial dimensions, it also assumes global spatial 
autocorrelation of WTP estimates which is often found to be low or not statistically significant 
for environmental goods and services (Johnston & Ramachandran, 2014; Johnston et al., 2011, 
2015; Meyerhoff, 2013; Vollmer et al., 2016).
The last approach is the one we use. The ‘two- stage’ approach of analysis is often used, 
as it allows the development of multiple types of analysis in the second step on individual- 
specific WTP estimates (i.e. conditional parameters) derived from a choice model estimated 
in the first step. For instance, it can assist in the visualisation of the geographical distribution 
of welfare estimates. Johnston et al. (2015) used inverse distance weighted interpolation to 
visualise the raw spatial patterns of the sampled points. Additionally, the second step can be 
used to study spatial effects on individual- specific WTP estimates. Vollmer et al. (2016) used a 
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non- parametric locally weighted scatterplot smoothing technique to contrast WTP estimates 
with the distance variable. Some studies have estimated panel random effects regressions on 
the second step which used distance (Campbell et al., 2008; Johnston & Ramachandran, 2014; 
Yao et al., 2014) and accessibility (Abildtrup et al., 2013) as explanatory variables. Similarly, 
Czajkowski et al. (2017) used geographical information system data related to forest character-
istics to explain the variation in WTP estimates.
Environmental valuation studies have previously used individual- specific WTP estimates 
to assess spatial autocorrelation in the second stage of analysis. In contrast to Budziński et al. 
(2018) and Campbell et al. (2008), we test for both global and local spatial autocorrelation 
of welfare estimates using Moran's I statistics. Moreover, we extend previous analyses of hot 
spots and cold spots of WTP (Johnston & Ramachandran, 2014; Johnston et al., 2011, 2015; 
Meyerhoff, 2013) by developing a pair- wise analysis of spatial patterns in the second stage 
of analysis. To do so, we estimated two spatial summary statistics: the Multi- type Ripley K- 
cross function (Ripley, 1981) and L and Besag's (1977) transformation, known as the L- cross 
function.
Ripley's K and L functions have been previously used to generate policy recommendations 
in agri- environmental (Bamière et al., 2013), farming (Bamière et al., 2008), forestry (Li & 
Zhang, 2007) and pest management policy contexts (Lynch & Moorcroft, 2008). Although 
these functions have proved to be useful in understanding general spatial patterns that are 
relevant to consider when developing environmental policies, to our knowledge they have not 
been used before with environmental valuation data.
3 |  M ETHODOLOGY
3.1 | Study design
We used data from a discrete choice experiment (DCE) distributed to members of a market 
research survey panel who lived in Scotland and were above 18 years old. A nation- wide 
web- based survey was administered in September 2016 (with a response rate of 72%) and 
aimed to explore the preferences of the Scottish general public for policies managing three 
estuarine ES: flood control, biodiversity and recreation opportunities. The improvements 
on the provision of ES were proposed to be delivered with a ‘restoration project’ operating 
F I G U R E  1  Catchment areas studied
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throughout the catchment areas of the river Clyde, Forth or Tay estuary in Scotland (see 
Figure 1). The objective of the restoration project is to improve the environmental quality 
of agricultural, riverine and estuarine ecosystems. Respondents were told that this restora-
tion policy would be funded through an annual increase in the council tax (local tax) lasting 
10 years.
We generated three versions of the survey, one for each study area. All versions of the ques-
tionnaire contained four main sections. The first section introduced the ES to be valued and 
the restoration project to be undertaken. The second section collected information on respon-
dents’ perceptions and knowledge of the ES in question. The third section included the DCE, 
as well as some debriefing and consistency questions. Finally, we collected the respondents’ 
socioeconomic characteristics.
The attributes and levels (see Table 1) selection was based on expert consultation, a litera-
ture review and one- on- one surveys. The attribute labels and their corresponding descriptions 
were presented to respondents in a textual and visual format to convey the information in 
different ways (see Table A1 in Appendix S1).
Figure 2 presents an example of a choice card. In each choice card respondents were 
presented with three catchment management alternatives and were asked to choose their 
most preferred option. The first option depicts ‘no new policy’ scenario that would re-
sult in a prolongation of the current trend of degradation and decline of ES over time 
(UK National Ecosystem Assessment, 2011). The second and third options vary, but 
represent the development of a restoration project leading to improvements of the pro-
vision levels of at least one ES, and therefore are associated with positive costs to the 
respondent.
The survey was piloted on a sample of 61 individuals to obtain initial estimates (priors) 
and pre- test the choice context and experimental design. The three versions of the survey were 
randomly assigned to respondents, meaning that individuals could be answering the question-
naire with respect to the area they live in, or concerning a different catchment. Site- specific 
attribute coefficients were used as priors to generate three D- efficient designs of 18 choice 
cards in Ngene software (ChoiceMetrics, 2012). The experimental design used in this study 
aims to account for the site- specific environmental preferences. Thus, instead of blocking the 
experimental designs per case study, we merged all three site- specific designs into a pooled- 
design of 54 unlabelled choice cards. In the final design, all the cards were randomly grouped 
into unique sets (or blocks) of six choice cards, which were afterwards presented to the survey 
participants.
TA B L E  1  Attribute levels used in the DCE
Attributes Levels Labela 
Flood control Increase in flood risk – 
A slight reduction in flood risk F1
A large reduction in flood risk F2
Biodiversity Decrease in biodiversity – 
A slight increase in biodiversity B1
A large increase in biodiversity B2
Recreation Decrease in recreation – 
A slight increase in recreation R1
A large increase in recreation R2
Cost of the policy (per year) £5, £10, £20, £50, £75, £100
aDummy variable coding. 
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3.2 | Choice modelling
According to the random utility maximisation theory (McFadden, 1973), the total utility 
that an individual derives from alternative i is the sum of its deterministic and random part. 
Following Train (2009), the utility of an alternative i for respondent n is given by:
where  int is an individual set of parameters assumed from known distributions which depend on 
some unknown parameters θ to be estimated, and the error term int which is independently and 
identically distributed according to a Gumbel distribution. We reparameterized Equation (1) to 
allow for the estimation of WTP distributions:




























F I G U R E  2  Choice card example
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where βcost is the parameter associated with price attribute, non− cost
n
 is a vector of parameters for 
the non- monetary attributes, Xnon− cost
int
 is a vector containing the non- monetary attribute levels, 
and cint is the cost of alternative i in choice situation t for respondent n. Finally, int is the error term 
and n is a vector of WTP estimates for each non- monetary attribute. The reparameterized model 
is a mixed logit model (MXL) in WTP- space in which the distribution of the vector (n, 
cost) are 
assumed, and the associated parameters are estimated (Train & Weeks, 2005), but βcost is now 
confounded with the scale parameter.
In our model, we include an alternative specific constant (ASC) for the opt- out alternative 
and assume that all attribute parameters other than the cost parameter are normally distrib-
uted. The fixed cost assumption was used to avoid problems of lack of convergence that is 
common when all coefficients are specified as random (Revelt & Train, 1998) and because the 
long right tail of the lognormal distribution can cause unrealistic WTP estimates (Sillano & de 
Dios Ortúzar, 2005).1 We note that using a WTP space representation of utility is immaterial 
when using a fixed cost, but we favour the direct estimation of the WTP distributions. In this 
case, the likelihood of the observed sequence of n th respondent's choices is given by:
The likelihood function is integrated over the random effects. This expression cannot be 
solved analytically and is thus approximated with simulation- based estimation (1,000 Sobol 
draws).2 In order to test the spatial correlation of the WTP estimates, we calculate the condi-
tional estimates (or individual- specific WTP). This was done by using Bayes’ Theorem as fol-
lows (Train, 2009):
The MXL model was applied to the pooled choice dataset, as well as to each site- specific 
dataset. All models were coded and estimated in R software version 3.3.2 (R Core Team, 2020) 
using the Apollo package (Hess & Palma, 2019). As we used three ES attributes with two im-
proved levels, we obtained six conditional WTP estimates per respondent and for each MXL 
model.
3.3 | Cluster analysis of willingness to pay for ES
In the context of the environmental valuation body of literature, the analysis of local clustering 
allows the measurement of different concepts of spatial association between WTP estimates, 
such as the spatial clustering of similar or dissimilar values (Anselin, 1995). We used the 
 1We estimated the pooled and non- pooled models (i.e. All, Clyde, Forth and Tay) in preference space using a lognormal cost. 
Although these models fit the choice data better, they lead to unrealistically high (figures of thousand pounds) unconditional and 
conditional WTP estimates (mean and median) for all attributes. Additionally, we estimated the same models in WTP space and 
found that at least one model presented convergence issues. Since we required all the model outputs to compute the spatial 






















 2Czajkowski and Budzinksi (2017) suggest to use a minimum of 1,000 Sobol draws for having ≤ 5% probability that parameter 
estimates differ by ≥ 5% from true values.
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postcode coordinates3 (centroid) to geocode the data and the individual- specific mean WTP of 
all datasets to test for the presence of spatial autocorrelation. The conditional mean estimate 
was chosen as it is the most likely WTP value for each respondent to occur (conditioned on 
their observed responses or choices).
We first calculated global measures of autocorrelation, as it has been suggested that the 
presence of significant global spatial autocorrelation could increase the probability of in-
correctly identifying local spatial autocorrelation (Ord & Getis, 2001). This was done using 
Moran's I statistic (Moran, 1950) defined as:
where n is the number of spatial units indexed by i and j, and ij is the spatial weight between 
observation i and j.
Let the centroid distances from each spatial unit i to all units j ≠ i be ranked as fol-
lows:dij(1) ≤ dij(2) ≤ dij(n−1). Then for each k = 1,…, n − 1, the set Nk (i) = {j (1) , j (2) ,…, j (k)} con-
tains the k closest units to i. For each given k, the k- nearest neighbour weight matrix (W) then 
has spatial weights defined as follows:
The underlying assumption of the global Moran's I test is that the spatial process promoting 
the observed estimates of WTP is a random chance. Rejecting the null hypothesis would sug-
gest the existence of spatial autocorrelation of WTP estimates. The value of Moran's I ranges 
between +1 and −1, with positive values indicating that WTP estimates are globally clustered 
(or positive autocorrelation) and negative values indicating they are globally dispersed (or neg-
ative autocorrelation). Values of I ~ 0 indicate that WTP estimates are distributed randomly 
in space.
Since Moran's I statistic consists of the summation of individual cross products, the local 
indicator of spatial autocorrelation (LISA) can be used to evaluate clustering in each spatial 
unit and to evaluate the statistical significance for each local Moran's Ii index. In other words, 
the LISA statistics are used to test if spatial autocorrelation is more likely to occur within sub-
sets of datasets (Anselin, 1995).
We applied the local Moran's Ii defined by Getis (2010) as:
The local Moran's Ii values for the pooled and the site- specific datasets were classified into 
five categories that distinguish between insignificant clusters, as well as four types of signifi-
cant clusters. The first two types of significant clusters are hotspots (High- High or HH) and 
coldspots (Low- Low or LL). The former represents respondents with high values having neigh-
bours with high values, whereas the latter refers to respondents with low values surrounded by 
neighbours with low values. The remaining two categories are respondents with high values 
 3The postcode unit represents a relatively precise measure of a respondent's residential location since each postcode in the UK 







































ij(WTPi −WTPj), i ≠ j
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which have neighbours with low values (High- Low or HL) and respondents with low values 
which have neighbours with high values (Low- High or LH).
In contrast to Campbell et al. (2008, 2009) who developed a spatial autocorrelation analysis 
in a polygon format (averaging administrative areas), we used a point analysis and accounted 
for the irregular distribution of the sample in space by using a k- nearest neighbour weight 
matrix definition to estimate the local Moran's Ii. This was done for several reasons. First, 
as we used an online panel dataset to target the surveys to a representative and not homoge-
nously distributed sample in space, to average this data would result in imbalanced or biased 
estimates. Second, it has been suggested that averaging counties or states can influence the 
strength of measured spatial autocorrelation (Meyerhoff, 2013; Openshaw, 1983). Finally and 
most importantly, averaging data points inside an administrative area imposes a linear pat-
tern in its geographical limits and might obscure the presence of ‘patchy’ patterns of marginal 
WTP for ES improvements in Scotland.
The spedep package in R (Bivand & Piras, 2015) was used to estimate the spatial weights 
matrix, as well as to conduct both global and local measures of spatial autocorrelation.
3.4 | Summary functions for comparing spatial point patterns
The significant local clusters identified in the analysis of the three site- specific datasets were 
used to proceed with the comparison of the spatial patterns among estuarine ES, and across 
the three catchment areas. We used a multi- type point pattern for HH and LL individuals 
treated as a single pattern of n points and marked them by the specific estuary (three types) and 
the ES they refer to (three types). It is assumed that the point process X  extends throughout 
a 2- D space, but is only observed inside the region W , that is, the sampling window. Our data 




, xi ∈W, n ≥ 0 of points xi in W. A marked point 








, xi ∈W,mi ∈M, where xi 
are the locations, mi are the marks which allow grouping the points into types, W  is the sam-
pling window, and M is the space of possible marks.
The Multi- type Ripley's K function (cross- type) was used to test whether or not there is 
clustering between all pairs of types (Ripley, 1981). Let Xj denote the sub- patterns of points 
(multi- type point process) type j, with intensity (density of points) j, which is the average num-
ber of points per unit area in a point pattern dataset. It is assumed that the point process X  is 
homogenous (i.e. intensity is constant) for any subregion B of a 2- D space. Thus, the expected 
number of points in B is proportional to the area of B: E [N (X ∩ B)] = area (B), and the con-
stant of proportionality is the intensity. In a homogenous point process the empirical density 
of points is an unbiased estimator of the true intensity  and is estimated as follows:
Then the bivariate K function for any pair of types i and j. is as follows:
where E is the expected number of points of type j within a distance r of a typical point of type i in 
the process Xi. The spatstat package in R was used to compute the estimator Kij of the Ripley K- 
cross function. It assumes that X  is a realisation of a stationary (spatially homogeneous) random 
spatial pointrocess in the plane which is typically modelled as a Poisson point process, observed 
through a bounded window (Baddeley et al., 2015).
For graphing purposes, we used a variance stabilising transformation of the K- cross func-
tion that derives into the L- cross function defined by Besag (1977) as:
(8) = n (x) ∕area (W)
(9)Kij (r) = 1∕jE
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Both summary functions Kij and Lij are called ‘cross- type’, ‘bivariate’ or ‘i- to- j’ when i ≠ j. If Xi 
and Xj point processes are probabilistically independent then Kij (r) = r
2 and Lij (r) = r, regard-
less of the pattern of either type of point (Ripley, 1981). Estimating these spatial summary statis-
tics allows comparing the observed pattern of HH (or LL) to a Complete Spatial Randomness 
and Independence (CSRI) process. Plotting r versus Lij (r) provides a convenient reference line 
at zero. Values of Lij (r) < r indicate inhibition between two types of points, whereas values of 
Lij (r) > r indicate more clustering than expected under CSRI.
Following Ripley (1977), we extended the exploratory analysis of HH (or LL) point pattern 
to include a Monte Carlo test of goodness- of- fit to the homogeneous Poisson process. The Lij 
function was plotted together with a simulation of envelopes (1,000 simulations), where each 
simulation is generated by the homogeneous Poisson point process with intensities estimated 
from the data (i.e. HH or LL). The envelopes serve as the critical limits for a Monte Carlo test 
of the null hypothesis of a random Poisson point process. If the observed L- cross function is 
outside the simulation envelope, it shows clustering between Xi and Xj. Clustering between a 
pair of types of points occurs when the events of each type are closer to each other than ex-
pected under the assumption that the two processes are independent.
4 |  RESU LTS A N D DISCUSSION
Table 2 summarises household sample and subsample statistics. After deleting protest bid in-
dividuals (2%),4 as well as deleting individuals without postcode (1%) and income information 
(3%), we obtained a final sample of 571 individuals. Each individual answered six choice cards, 
meaning that we obtained 3,426 choice observations (approximately a third for each estuary). 
T- tests showed that this sample is representative of the Scottish population in most of the avail-
able statistics, except age.5
4.1 | Regression results and welfare estimates
Table 3 presents the results of the MXL model estimated in WTP space using the (i) pooled data-
set, as well as the site- specific choices for the (ii) Clyde, (iii) Forth and (iv) Tay estuaries. After 
testing for several specifications, the utility was defined as a linear function of dummy coded 
attributes, the ASC alone and in interaction with respondent's socioeconomic characteristics.
The four MXL models applied to the choices for environmental improvements in estuarine 
ES have relatively high explanatory power (rho squared between 0.28 to 0.29).6 Instead of pre-
senting the attribute preference coefficients, Table 3 shows the estimates of marginal prices 
WTP (mean and standard deviation) derived directly from the estimations in WTP space. We 






 4We used follow- up questions to differentiate between protest and true zero responses. Protest respondents were removed from the 
analysis and were identified as those who consistently chose the ‘status quo’ alternative and selected the following statements: (i) I 
believe I should not be the one paying for it; (ii) I don't believe that my payment will be used effectively; and (iii) I don't pay taxes 
and/or I would prefer another mechanism for paying.
 5The percentage of respondents being above 64 years old is significantly different, with 19.69% obtained in our sample versus 
16.81% for Scotland reported in the UK census (Office for National Statistics, 2011).
 6Louviere et al. (2000) suggest that rho- squared values between 0.2 and 0.4 indicate a good model fit.
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The standard deviations reveal significant unobserved heterogeneity across all attribute 
levels, except for slight improvements in biodiversity (B1) and recreation (R1). The majority 
of the attribute coefficients show positive scope effects, which suggest that respondents have 
a stronger preference for options providing more substantial improvements in the provision 
levels of ES. In other regards, we found that the ASC does not always exhibit a negative sign, 
but in these cases, it fails to reach significance. The presence of a negative ASC suggests that 
on average respondents’ utility is impacted positively when moving away from the status quo.
As expected, the results regarding the user- specific ASC vary depending on the dataset an-
alysed. However, it can be seen that for most of the cases, the sign remains constant across 
datasets and that the significance of the coefficients is commonly reached for the larger sam-
ple (pooled dataset). Similarly to previous research (Birol et al., 2009; Börger & Hattam, 2017; 
Botzen et al., 2012), we found that for the pooled dataset the ASC of visitors, female and older 
people is negative and significant (at least at the 10% level). This result indicates their preference 
for moving away from the status quo and to develop the project delivering improvements in ES.
Table 4 displays a summary of the individual- specific WTP estimates for all estuarine ES 
improvements which were calculated using both the pooled and site- specific datasets. These 
conditional estimates can be interpreted as the mean, minimum and maximum value of the 
parameters of the subpopulation that would have made the same choices while facing the same 
choice situation. It can be noted that the higher WTP estimates are commonly associated with 
TA B L E  2  Sample summary statistics of respondents and their households
Variables








Income (£ per month) 1820.76 (1127.51) 1925.31 (1170.21) 1847.97 (1169.30) 1692.53 (1028.11)
Age 50.23 (16.25) 49.24 (16.19) 48.85 (16.46) 52.54 (15.87)
Household size 2.34 (1.26) 2.55 (1.43) 2.33 (1.25) 2.14 (1.03)
Gender (% female) 53.77 57.14 53.19 51.03
Education (% with 
university degree 
and above)




61.12 66.67 63.30 53.61
Residency in the area 
(% residents)
31.70 14.29 44.68 36.08









status in the area 
(% respondents)




status in the area 
(% respondents)
19.61 22.75 15.96 20.10
Note: Given are means and standard deviations (in parentheses).
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flood control, but are followed closely by the welfare estimates for biodiversity improvements. 
Recreational changes in the catchment area are smaller by at least a factor of two than the 
former and latter. These findings are in line with a previous study valuing comparable ES 
wetlands (in Poland) as the ranking of ES by marginal WTP is consistent with that observed 
in Birol et al. (2009).
TA B L E  3  MXL estimates for ES improvement in WTP space
Attribute

















F1 111.30*** 42.74*** 100.16*** 34.82** 114.56*** 49.99*** 118.99*** 44.65*
(6.84) (8.76) (9.61) (12.94) (12.86) (14.65) (13.62) (18.02)
F2 141.30*** 78.66*** 125.74*** 69.71*** 129.21*** 88.08*** 170.70*** 70.61***
(8.48) (8.45) (12.03) (11.86) (15.03) (16.66) (17.90) (16.51)
B1 114.00*** 0.69 105.45*** 1.75 113.65*** 41.30** 117.45*** 0.80
(7.08) (21.22) (10.51) (31.77) (13.24) (15.70) (13.59) (21.92)
B2 122.11*** 54.68*** 94.89*** 37.33* 128.71*** 58.94*** 146.17*** 63.97***
(7.72) (7.80) (10.46) (12.07) (14.42) (15.06) (16.26) (15.09)
R1 42.21*** 2.80 38.78*** 0.27 51.63*** 1.45 36.91*** 6.62
(5.04) (14.04) (7.40) (21.63) (9.54) (17.21) (9.68) (44.25)
R2 42.60*** 42.59*** 41.89*** 38.18** 38.50*** 54.72*** 48.54*** 15.39
(5.34) (7.98) (8.24) (12.71) (9.91) (13.59) (9.66) (66.02)
Cost −0.01*** −0.01*** −0.01*** −0.01***
(0.00) (0.00) (0.00) (0.00)
ASC −0.08 3.11*** 0.81 3.40*** 0.55 3.03*** −1.70* 2.67***
(0.52) (0.25) (0.93) (0.49) (0.94) (0.45) (0.93) (0.42)
ASC × resident 0.39 – 0.38 – 0.25 – −0.50 – 
(0.43) – (0.85) – (0.73) – (0.99) – 
ASC × visitor −1.05** – −0.84 – −1.51* – −1.10 – 
(0.41) – (0.84) – (0.75) – (0.63) – 
ASC × female −0.73* – −0.67 – −1.08 – −0.01 – 
(0.38) – (0.70) – (0.66) – (0.67) – 
ASC × age −1.05** – −1.51+ – −1.43* – −0.22 – 
(0.38) – (0.75) – (0.64) – (0.64) – 
ASC × graduate 0.21 – 0.42 – −0.73 – 0.99 – 
(0.38) – (0.74) – (0.71) – (0.63) – 
ASC × income −0.03+ – −0.06* – 0.01 – 0.00 – 
(0.01) – (0.03) – (0.03) – (0.02) – 
Log- likelihood −2662.65 −870.54 −903.17 −864.69
Observations 3426.00 1128.00 1164.00 1134.00
Adjusted rho- sq 0.29 0.28 0.28 0.29
AIC 5367.29 1783.09 1848.34 1771.39
BIC 5496.21 1888.68 1954.59 1877.09
Note: Two- tailed t- test indicates values approaching close to significance (+) and with 10% (*), 5% (**) and 1% (***) significance 
levels.
Standard errors are reported in parentheses and computed by Delta method.
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Results also reveal that higher disparities in WTP estimates (max- min) are found for the 
large flood control improvements (F2), whereas the substantially smaller distribution of 
WTP estimates relates to slight enhancements in biodiversity and recreational services (B1 
and R1).
4.2 | Spatial autocorrelation of willingness to pay for ES
Figure 3 shows that the spatial point distribution of the sample used in this analysis is higher 
in the Central Belt of Scotland and the Aberdeen region, which are the most densely populated 
F I G U R E  3  Geographical distribution of WTP sample points in Scotland (source: Google, n.d.)
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areas of Scotland. The geocoded individual- specific mean WTP data points obtained from the 
pooled and site- specific choice models were used to explore for spatial autocorrelation.
We first tested for global spatial correlation using Moran's I statistic. Results are shown 
in Table B.1 in Appendix  S2, online, and only indicate the presence of globally clustered 
WTP mean values for delivering slight improvements in flood control when analysing the 
pooled dataset. Although not conclusive, the findings show that for the whole study area (i.e. 
Scotland), individuals living close together have similar demand for large improvements in 
flood reduction. This ‘spatial sorting’ of households due to flood preferences has been previ-
ously documented in the USA (Husby et al., 2018).
Johnston and Ramachandran (2014) argued that local spatial patterns of WTP estimates 
might exist even if global patterns of spatial significance are absent. Therefore we proceed to 
calculate the LISA statistics to test for locally spatially autocorrelated WTP estimates, using 
both the pooled and the site- specific datasets.
We test the sensitivity to the weight matrix definition. First, we found that spatial global 
autocorrelation results are constant when using different distance- based weight matrix defi-
nitions (k- nearest neighbour and inverse distance matrix with row normalised weights). We 
also tested for different numbers of neighbours used to define the spatial weight matrix (k 
values from 8 to 100) when estimating both global and local Moran's I statistics. The k value 
determines the number of nearest neighbours for each point considered in the analysis. As 
expected, we found that the neighbour distance increases with the k value. For example, the 
mean neighbour distance in the pooled dataset is 14.54 km with k = 8, 23.97 km with k = 23 and 
30.24 km with k = 30.
Global spatial autocorrelation results are consistent for different values of k, but has a 
higher level of significance for k = 23 in the pooled dataset (see Table B.2 in Appendix S2). 
Although the Forth and Tay datasets do not display significant spatial autocorrelation, the 
Clyde dataset exhibits statistically significant global autocorrelation for the maximum number 
of attributes at k = 23 (see correlograms in Figure B.1 in Appendix S2). Furthermore, Table B.3 
in Appendix S2 shows that the differences in the proportion of significant local clusters7 in the 
pooled dataset are minimal and inconsequential for the purposes of our analysis. Duda et al. 
(2001) suggest using k =
√
n, as this k value is a large enough value to give a reliable result, but 
small enough to keep the nearest neighbours as close as possible so that distance acts as an 
influence factor.
Based on these findings and the Duda et al. (2001) suggestion, we report the results for 
k = 23 (closest 23 data points) in the following analysis. We used the same k value to analyse all 
datasets as this value maximises the global spatial correlation, and to ease the understanding 
of the spatial autocorrelation analysis.
Table 5 characterises all data points according to the significant local cluster types to which 
individuals belong, as well as identifies those individuals who are not part of any locally signif-
icant cluster. Figure B.2 in Appendix S2 presents the same information as this table, but in a 
visual format. Table 5 shows no cases of significant outliers in which high WTP values are 
surrounded primarily by low values (HL), and vice versa (LH). However, there are local statis-
tically significant clusters of WTP estimates for improvements in all estuarine ES attributes.8 
As expected, the number of significant clusters was higher in the pooled dataset, as it is also 
the dataset with the largest sample size.
 7Estimated as the ratio of the number of local clusters within a category and the total number of geocoded data (e.g. number of 
HH/number of respondents).
 8In order to test for the robustness of our results at a regional scale of analysis (rather than a national scale), we also calculated 
LISA statistics to subsets of the datasets which only included the residents of the catchment areas of analysis (see Table B.4). 
However, the validity of these results, and the possibility to use them for estimating the summary statistics was limited by the 
significant reduction of the numbers of local significant clusters.
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From Table 5, we can also infer that the total number of HH clusters identified in the pooled 
dataset (74) is smaller than the total number of LL clusters (80). While analysing the site- 
specific datasets, we can only extrapolate the trend of having a higher number of HH (over 
LL) when the improvements occur in the Forth catchment area. This finding is interesting and 
emphasises the relevance of developing multi- scale studies when exploring spatial patterns 
in WTP, as different patterns might only emerge when the scale of analysis is amplified (see 
Johnston et al., 2015).
Since we are dealing with different sample sizes for each survey, Table 5 also presents the 
local cluster information in a percentage format. Even if the percentage of membership to any 
significant local cluster is not greater than 6% of the final sample (for all attributes, levels and 
datasets) our results reveal the presence of hotspots and coldspots of WTP for estuarine ES 
improvements in Scotland. This finding suggests that respondent's preferences interact with 
their immediate spatial context and that they might feedback from the environmental, socio-
economic and cultural features of the local setting.
The membership likelihood of HH (or LL) might be partially explained by the relative dis-
tances to the catchment area of analysis (see Figure B.2 in Appendix S2). Testing this hypoth-
esis formally is difficult with our sample size. However, we developed an exploratory analysis 
using one- way ANOVA tests to evaluate whether there are significant differences in individual- 
specific WTP estimates at different distances to the catchment area. The results indicate that 
the distance decay effect is not significant for any attribute or level (see boxplots online, Figure 
B.3– B.8 in Appendix S2).
The significant local clusters of WTP (HH and LL) were also plotted with a selected number 
of socioeconomic indicators to assess whether their spatial arrangement follows the spatial dis-
tribution of the population sociodemographic characteristics (see maps in Appendix S1– S5). 
F I G U R E  4  L- cross functions and envelopes for local clusters of WTP estimates marked by survey
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Even though it is not possible to draw conclusions regarding the variables’ correlation strength 
from these maps, there seems to be an overlap of hotspots with the data zones having higher 
percentages of older people and females. This is consistent with the user- specific ASC, which 
indicated that both female and older people have a significant preference for ES improvements 
(see Table 3).
Finally, when comparing the spatial distribution of positive and negative clusters in Figure 
B.2 in Appendix S2, we can identify a common trend for each cluster category. The hotspots of 
WTP estimates are mostly situated in densely populated areas in Scotland such as the Central 
Belt of Scotland (comprising the cities of Edinburgh and Glasgow) and the region close to 
Aberdeen. The coldspots of WTP estimates are scattered in space, but they are frequently 
located in less populated regions such as the Highlands and the Islands. Our findings contrast 
with Campbell et al. (2009), who found that larger centres of populations led to lower WTP 
estimates for rural landscape improvements in Ireland. However, this might be explained by 
the differences in the environmental management policies proposed. In our study, we use a 
restoration project impacting the environmental quality of Scottish cities directly (as they are 
located inside the potentially restored catchment areas), whereas in Campbell et al. (2009) the 
proposed policy focus on providing environmental improvements in rural regions of Ireland, 
further away from urban centres.
A preliminary visual examination of hot (cold) spots pattern plots may help to identify evi-
dent spatial trends among ES and case studies. Nonetheless, drawing general conclusions from 
the visual comparison of plots is not straightforward (Long & Robertson, 2018). Therefore, the 
subsequent analysis uses the Multi- type Ripley's K and L function (cross- type) to test whether 
or not there is clustering between all pairs of types (Ripley, 1981).
F I G U R E  5  L- cross functions and envelopes for local clusters of WTP estimates marked by ES
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4.3 | Comparison of the geographical pattern of local clusters of willingness to 
pay for ES
In this section, we use a cross- type spatial point pattern analysis to explore whether the distri-
bution patterns of significant hotspots (and coldspots) of WTP are similar among estuarine ES 
and across case studies. The summary functions Kij and Lij allow us to develop a pair- wise 
analysis of all the possible combinations of the survey point pattern types defined inside our 
marks (‘ES- types’ and ‘estuary- types’). For instance, they allow us to understand the interac-
tion between the point pattern HHClyde and HHTay if focusing on the ‘estuary- types’ marks, or 
to see whether the ‘ES- types’ point patterns of HHflood and HHbiodiversity are clustered together.
9 
Similarly, they are used to explain the interaction between the point pattern LLClyde and LLTay 
if focusing on the ‘estuary- types’ marks, or to explore if the ‘ES- types’ point patterns of LLflood 
and LLbiodiversity are clustered together.
10
The K  and L cross- type functions were estimated for HH and LL processes, independently. 
Results of the K- cross functions are in line with the findings derived from the L- cross function. 
Since the interpretation of the L cross- type function is more straightforward than the K- cross 
function, and the results are similar for both functions and all possible combinations of point 
patterns, we only present the figures plotting the LClyde,Forth and Lbiodiversity,flood cross- type func-
tions with the simulated envelopes in the main text (see Figures 4 and 5). Please refer to Figures 
D.1 and Figure D.2 in Appendix S4 to find the remaining Lij cross- type plots.
The plots in Figures 4 and 5 show the observed cross L function together with the theoreti-
cal Poisson L function, independently for LL and HH (see plot 1 and 2, respectively). The sim-
ulated envelopes plotted in these figures are used to test the null hypothesis of CSRI between 
point types, for which they add the maximum and minimum Lij over the 1,000 simulation 
datasets to depict the upper and lower bound of the envelopes.
Figure 4 presents the pair- wise comparison of one combination of the ‘estuary- types’ point 
patterns and displays independent analysis for the points classified as HH (see plot 1) and 
LL (see plot 2). Figure 5 is organised similarly but, instead, it displays the L- cross plots for 
one combination of the ‘ES- types’. In both figures (as well as in Figure D.1 and Figure D.2 in 
Appendix S4), it can be seen that the L- cross function is outside the simulation envelope for 
almost every distance band (denoted by r), when referring to hotspots as well as coldspots.
This finding suggests the existence of ‘inter- ES’ clustering of HH (or LL) points in addition 
to ‘inter- estuary’ clustering of HH (or LL) points, for all distances. Put another way: (i) the 
hotspots (or coldspots) of WTP for improvements in flood control, biodiversity and recreation 
commonly occur close to each other in space; (ii) the hotspots (or coldspots) of WTP for im-
provements in estuarine ES delivered with a restoration project happening at the Clyde, Forth 
and Tay catchment area also tend to occur close to each other in space.
5 |  CONCLUSIONS
We investigate whether the geographical distribution of significant hot (cold) spots of WTP is 
similar among different ES and across case studies. Our findings reveal that the geographical 
distribution of WTP for ES is far more complex than indicated by previous distance decay 
 9Using all attributes and levels to estimate the Ripley's K and L- cross functions when analysing the ‘ES- types’ marks would create 
a large number of combinations to analyse (30 in total, or 15 for HH and LL). Instead, we merged the shapefiles containing the 
same type of local cluster (e.g. HH) for the two levels of the same attribute (e.g. HH- F1 and HH- F2) into one shapefile (e.g. HH 
flood) and used them to estimate the spatial summary functions. By doing so, we reduced the number of combinations to analyse 
to 12 (6 for each, HH and LL).
 10The robustness of these results was tested by estimating a MXL model allowing for correlated coefficients. The Ripley's L- cross 
analysis developed with this new model leads to similar conclusions (see full analysis in Appendix S3).
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studies (Bateman et al., 2006; Schaafsma et al., 2012). Instead, findings support recent claims 
for using non- linear approaches of analysis which account for ‘patchy’ patterns of clustering of 
environmental values (Johnston & Ramachandran, 2014; Meyerhoff, 2013).
Overall, results indicate that hot (cold) spots of WTP for improvements in the provision 
levels of estuarine ES tend to occur close to each other in space regardless of the ES in ques-
tion, or the case study (estuary) in consideration. This sorting of preferences may be partially 
explained by the Tiebout- sorting theory (Tiebout, 1956) which suggests that individuals ‘vote 
with their feet’ by moving to areas that offer ES supply levels in line with their preferences. 
Spatial sorting due to preferences has been previously identified in the empirical environmen-
tal valuation literature (Abildtrup et al., 2013; Liu et al., 2020; Meyerhoff, 2013; Schindler et al., 
2018). Additionally, sorting models have used a general equilibrium framework to explain this 
phenomenon in the context open space amenities (Klaiber & Phaneuf, 2010), pollutants (Smith 
et al., 2004) and flood protection (Husby et al., 2018).
Although the present research cannot conclude that residential sorting is causing the con-
centration of hotspots (or coldspots) of WTP,11 we provide robust evidence about the per-
sistence of spatial agglomeration of groups of neighbours with similar demand across ES, as 
well as case studies. That is, residents may not sort only on the basis of environmental goods 
preference, but they may also consider their ES preferences. Generalising this result would 
require further case studies.
Ignoring this local sorting of preferences towards ES (and the mechanisms behind them) 
would not only lead to misleading welfare estimates but could obscure important distribu-
tional aspects of environmental quality. For instance, Husby et al. (2018) found that residential 
sorting led to a clustering of vulnerable households in flood risk regions in the USA. They sug-
gest that residential sorting is related to the income distribution since low- income households 
(who may be more vulnerable to flooding) trade off flood protection for lower housing costs to 
a higher degree than high- income households.
There is a further need to assess the key determinants of hotspots (or coldspots) of WTP with 
spatial lag models estimated in the second stage of analysis. This information could be used to 
design spatially targeted environmental policies that prioritise equity or efficiency concerns. 
Although the use of a two- stage approach of analysis allows one to develop further analysis 
on welfare estimates, it has to be noted that the results must be interpreted under the light 
of the assumptions made in the first stage of analysis (Abildtrup et al., 2013; Johnston et al., 
2015) and that inferences are conditional to the accuracy of the estimation of individual- level 
parameters (Glenk et al., 2020). The individual- specific WTP estimates used in this analysis 
passed all three diagnostic tests proposed by Sarrias (2020) (see Appendix S5), which suggests 
the reliability of the individual- specific WTP estimates used in applied research. However, it 
has to be noted that the use of a fixed cost coefficient is admittedly a strong assumption and 
represents a limitation of this work.
Regardless of the mechanisms underlying the spatial distribution of environmental prefer-
ences, there is growing evidence about inter- neighbourhood environmental inequality in the 
economic literature (Crowder & Downey, 2010; Downey, 2006; Heynen et al., 2006; Strife & 
Downey, 2009) and the hedonic literature (Bayer et al., 2009; Gamper- Rabindran & Timmins, 
2013). Future DCEs using geocoded individual- specific WTP could also contribute to this 
body of literature. For instance, by analysing local clusters of WTP together with data on ES 
supply and socio- demographics to explore whether the poor and marginalised are, in fact, 
concentrated in low ES supply regions.
Thinking spatially while generating environmental management plans is essential for creat-
ing efficient and optimal policies which take into consideration the spatial allocation of natural 
 11This would require hedonic data, as well as additional information about the provision levels of ES.
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resources together with the distribution of wealth (Czajkowski et al., 2017). Exploring spatial 
heterogeneity patterns at finer scales allows policy- makers to design spatially targeted envi-
ronmental policies and allows estimation of more accurate aggregate environmental values. 
However, since there is a trade- off between increasing the precision of understanding of prefer-
ence heterogeneity in space and generating information with a higher degree of complexity, it 
becomes relevant to seek ways to summarise this information so it can be used in environmental 
planning. We propose using spatial summary functions to find commonalities in the geograph-
ical distribution of WTP estimates that derive from environmental valuation studies.
The increase of modelling realism while estimating welfare estimates is not only beneficial 
from the modelling perspective but also has real- world applications as it allows the devel-
opment of ‘better- informed’ and ‘locational targeting’ of environmental policy interventions 
(Bateman et al., 2016). For instance, policy- makers could use the information on local clusters 
on WTP within multi- criteria analysis to identify a small number of regions to target or pri-
oritise, as well as to calibrate the design of environmental taxes (Yao et al., 2014). Moreover, 
policy- makers could make more efficient use of public funds by developing environmental 
education policies aiming to promote pro- environmental behaviour in regions with higher 
density coldspots of WTP or environmental improvements.
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